Despite their entertainment oriented purpose, social media changed the way users access information, debate, and form their opinions. Recent studies, indeed, showed that users online tend to promote their favored narratives and thus to form polarized groups around a common system of beliefs. Confirmation bias helps to account for users' decisions about whether to spread content, thus creating informational cascades within identifiable communities. At the same time, aggregation of favored information within those communities reinforces selective exposure and group polarization. Along this path, through a thorough quantitative analysis we approach connectivity patterns of 1.2 M Facebook users engaged with two very conflicting narratives: scientific and conspiracy news. Analyzing such data, we quantitatively investigate the effect of two mechanisms (namely challenge avoidance and reinforcement seeking) behind confirmation bias, one of the major drivers of human behavior in social media. We find that challenge avoidance mechanism triggers the emergence of two distinct and polarized groups of users (i.e., echo chambers) who also tend to be surrounded by friends having similar systems of beliefs. Through a network based approach, we show how the reinforcement seeking mechanism limits the influence of neighbors and primarily drives the selection and diffusion of contents even among like-minded users, thus fostering the formation of highly polarized sub-clusters within the same echo chamber. finally, we show that polarized users reinforce their preexisting beliefs by leveraging the activity of their like-minded neighbors, and this trend grows with the user engagement suggesting how peer influence acts as a support for reinforcement seeking.
reinforcement seeking 17 . Additionally, group membership has an interplay with the aforementioned cognitive biases. When individuals belong to a certain group, those outside the group are far less likely to influence them on both easy and hard questions 18 .
In this work, by exploiting the social network of 1.2 M Facebook users engaged with very polarizing contents, we investigate the role of challenge avoidance and reinforcement seeking on the selection and spread of information, and the connection of such cognitive mechanisms with peer influence.
To our aim, with the help of very active debunking groups, we identified all the Italian Facebook pages supporting scientific and conspiracy news, and on a time span of five years (2010-2014) we downloaded all their public posts (with the related lists of likes and comments). On the one hand, conspiracy news simplify causation, reduce the complexity of reality, and are formulated in a way that is able to tolerate a certain level of uncertainty [19] [20] [21] . On the other hand, scientific news disseminates scientific advances and exhibits the process of scientific thinking. Notice that we do not focus on the quality of the information but rather on the possibility of verification. Indeed, the main difference between the two is content verifiability. The generators of scientific information and their data, methods, and outcomes are readily identifiable and available. The origins of conspiracy theories are often unknown and their content is strongly disengaged from mainstream society and sharply divergent from recommended practices 8 , e.g., the belief that vaccines cause autism 22 .
Our analyses show how challenge avoidance mechanism triggers the emergence, around the selected narratives, of two well-separated and polarized groups of users who also tend to surround themselves with friends having similar systems of beliefs.
Through a network based approach, we also prove that polarized users span their attention focus on a higher number of pages (and topics) supporting their beliefs (hereafter referred to as community pages) as their engagement grows, but they tend to remain confined within groups of very few pages even when the corresponding neighborhoods are active on several news sources. This suggests that the reinforcement seeking mechanism limits the influence of neighbors and primarily drives the selection and the diffusion of contents even among like-minded users, fostering the formation of highly polarized subclusters within the same echo chamber.
Finally, we investigate the effects of the joint action of confirmation bias and peer influence when the latter does not conflict the cognitive mechanisms of challenge avoidance and reinforcement seeking. Namely, we compare the liking activity of polarized users and the liking activity of their part of neighborhood likewise polarized, both with respect to size and time. Our findings reveal that polarized users reinforce their preexisting beliefs by leveraging the activity of their like-minded neighbors. Such a trend grows with the user engagement and suggests how peer influence acts as a support for reinforcement seeking. In such a context, also the positive role played by social influence -e.g., by enabling social learning [23] [24] [25] , seems to lose its effectiveness in the effort of smoothing polarization and reducing both the risk and the consequences of misinformation. This makes it even more difficult to design efficient communication strategies to prevent rumors and mistrust. Individual choices more than algorithms 10 seem to characterize the consumption patterns of users and their friends. Therefore, working towards long-term solutions to polarization and misinformation online cannot be separated from a deep understanding of users' cognitive determinants behind these mechanisms.
Methods ethics statement.
Approval and informed consent were not needed because the data collection process has been carried out using the Facebook Graph application program interface (API), which is publicly available. For the analysis (according to the specification settings of the API) we only used publicly available data (thus users with privacy restrictions are not included in the dataset). The pages from which we download data are public Facebook entities and can be accessed by anyone. User content contributing to these pages is also public unless the user's privacy settings specify otherwise, and in that case it is not available to us.
Data collection.
Debate about social issues continues to expand across the Web, and unprecedented social phenomena such as the massive recruitment of people around common interests, ideas, and political visions are emerging. For our analysis, we identified two main categories of pages: conspiracy news -i.e., pages promoting contents neglected by main stream media -and science news. We defined the space of our investigation with the support of diverse Facebook groups that are very active in debunking conspiracy theses. As an additional control, we used the self-description of a page to determine its focus. The resulting dataset is composed by all the pages supporting the two distinct narratives in the Italian Facebook scenario: 39 about conspiracy theories and 33 about science news. For the two sets of pages we download all of the posts (and their respective user interactions) across a 5-y time span (2010-2014). We perform the data collection process by using the Facebook Graph API, which is publicly available and accessible through any personal Facebook user account. The exact breakdown of the data is presented in Table 1 . Likes and comments have a different meaning from the user viewpoint. Most of the times, a like stands for a positive feedback to the post and a comment is the way in which online collective debates take form. Comments may contain negative or positive feedbacks with respect to the post.
Ego networks.
In addition, we collected the ego networks of users who liked at least one post on science or conspiracy pages -i.e., for each user we have collected her list of friends and the links between them (We used publicly available data, so we collected only data for which the users had the corresponding permissions open).
Preliminaries and definitions.
Let P be the set of all the pages in our collection, and P science (P conspir ) be the set of the 33 (39) Facebook pages about science (conspiracy) news. Let V be the set of all the 1.2 M users and E the edges representing their Facebook friendship connections; these sets define a graph = G V E ( , ). Hence, the graph of likes on a post,
L is the subgraph of G whose users have liked a post. Thus, V L is the set of users of V who have liked at least one post, and we set
; , } L L . Following previous works 2,3,26 , we study the polarization of users -i.e., the tendency of users to interact with only a single type of information; in particular, we study the polarization towards science and conspiracy. Formally we define the polarization ρ ∈ − u ( ) [ 1, 1] of user ∈ u V L as the ratio of likes that u has performed on conspiracy posts: assuming that u has performed x and y likes on conspiracy and science posts, respectively, we let ρ = − + u
x y x y ( ) ( )/( ). Thus, a user u for whom ρ = − u ( ) 1 is totally polarized towards science, whereas a user with ρ = u ( ) 1 is totally polarized towards conspiracy. Note that we ignore the commenting activity since a comment may be an endorsement, a criticism, or even a response to a previous comment. Furthermore, we define the engagement ψ u ( ) of a polarized user u as her liking activity normalized with respect to the number of likes of the most active user of her community. By defining θ u ( ) as the total number of likes that the user u has expressed in posts of , notice that the following condition holds:
The degree of a node (here, user) u, deg (u) , is the number of neighbors (here, friends) of u. For any user u, we consider the partition
denotes the neighborhood of u polarized towards conspiracy (science), N u ( ) ne denotes the neighborhood of u not engaged with science or conspiracy contents, N u ( ) np denotes the set of not polarized friends of u -i.e., friends who liked the same number of contents from science and conspiracy, respectively.
To understand the relationship between pages and user liking activity, we measure the polarization of users with respect to the pages of their own community. For a polarized user (or, more in general, a group of polarized
counts the contents liked by u on the i th community page ( = … i N 1, , , where N equals the number of community pages), the probability φ u ( ) i that u belongs to the i th page of the community will then be φ
. We can define the localization order parameter L as:
Thus, in the case in which u only has likes in one page, = L u ( ) 1. If u, on the other hand, interacts equally with all the community pages (
; hence, L u ( ) counts the community pages where u fairly equally distributes her liking activity.
List of pages. In this section are listed pages of our dataset. Table 2 shows the list of scientific news and Table 3 shows the list of conspiracy pages.
Augmented Dickey-Fuller test. An augmented Dickey-Fuller test (ADF) tests the null hypothesis that a
unit root is present in a time series 27, 28 . The alternative hypothesis is stationarity. If we obtain a p-value less than the threshold value α = .
0 05, the null hypothesis is rejected in favor of the alternative one. ADF is an augmented version of the Dickey-Fuller test 29 for a larger set of time series models. We use this test to investigate the stationarity of the time series given by the number of posts per day published by a community page during its lifetime. The general regression equation which incorporates a constant and a linear trend is used. The number of lags used in the regression corresponds to the upper bound on the rate at which the number of lags should be made to grow with the time series size T for the general ARMA(p, q) setup 30 , and equals T 1/3 . We use cosine similarity to evaluate whether a polarized user u and the part of her neighborhood with likewise polarization proportionally distribute their liking activity across her preferred community pages. Namely, for any user u polarized towards science (conspiracy), denoted with
cosine similarity. Cosine similarity is a measure of similarity between two non-zero vectors
the set of k science (conspiracy) pages where u distributes her liking activity, we compute the cosine between the vectors
, both normalized with respect to the infinity norm. The space of www.nature.com/scientificreports www.nature.com/scientificreports/ such versors is positive, then the cosine measure outcome is neatly bounded in [0, 1]: two versors are maximally similar if they are parallel and maximally dissimilar if they are orthogonal. [32] [33] [34] is an asymptotically unbiased estimator of the expected relative Kullback-Leibler distance (K-L) 35 , which represents the amount of information lost when we use model g to approximate model f:
Akaike information criterion. The Akaike Information Criterion (AIC)
is the vector of k model parameters. The AIC for a given model is a function of its maximized log-likelihood () and k:
We use the AIC for selecting the optimal lag structure of a Granger causality test.
Granger causality and peer influence probability. The Granger causality test is a statistical hypothesis
test for determining whether one time series is useful in forecasting another 36 . Roughly speaking, a time series X is said to Granger-cause (briefly, G-cause) the time series Y if the prediction of Y is improved when X is included in the prediction model of Y. Denoted with τ ⁎ I ( ) the set of all information in the universe up to time τ and with τ − ⁎ I ( ) X the same information set except for the values of series X up to time τ, we write
Page name
Facebook ID www.nature.com/scientificreports www.nature.com/scientificreports/ for indicating that X does not cause Y.
Let t u ( ) be the time series given by the number of likes expressed by a user u polarized towards science on P u science every day of her lifetime -i.e., the temporal distance between its first and its last like. Let t N u ( ( )) s be the time series of the number of likes expressed by N u ( ) s on the same pages every day in the same time window. We investigate a causal effect of t N u ( ( )) s on t u ( ) by testing the null hypothesis that the former does not Granger-cause the latter:
The number of lags to be included is chosen using AIC. If we obtain a p-value α(u) less than the threshold value α = .
0 05, the null hypothesis  0 is rejected in favor of  1 . The same analysis is carried out for testing a causal effect of t N u ( ( )) c on t u ( ) for any polarized user u towards conspiracy. Furthermore, we define the peer influence probability PIP u science of N u ( ) s on u as the rational number in the range [0, 1] given by the complement of α u ( ) in the positive space of p-values, that is:
. Values close to 0 indicate low probability of peer influence, values close to 1 suggest high probability of peer Dynamic time warping. Dynamic time warping (DTW) is an algorithm for measuring similarity between two time series X and Y which computes the optimal (least cumulative distance) alignment between points of X (also said query vector) and Y (also said reference vector). If X has size n and Y has size m, DTW produces an
to optimize the best alignment. The value D n m ( , ) -i.e., the DTW distance between X and Y, is returned 37 . We use DTW distance for measuring the similarity between t u ( ) and t N u
) for any user u polarized towards science (conspiracy).
Results and Discussion
Anatomy of science and conspiracy pages. To ensure the robustness of our analysis about the online behavior of polarized users (i.e., if likes are not trivially distributed across pages and if data respect the assumptions of the tests described in Methods), we verify the eligibility of the space of our investigation. Namely we study how likers and their activity are distributed over pages and how pages' activity is distributed over time. Figure 1 shows the distribution of likes and likers across scientific and conspiracy news sources, respectively. Plots shows the ratio likers/likes for every science (left panel) and conspiracy (right panel) page. Points are colored according to the number of users who liked contents published by the corresponding page (See Tables 2 and 3 for the list of scientific and conspiracy news sources, respectively).
Points are mostly localized near the center of the radar chart and, in general, represent the pages with more likers (and more likes). Moreover, points far from the center correspond to pages with the lowest number of likers and likes. This ensures that a comparison between the normalized distributions of likes of two like-minded users (or groups of users) across the community pages is an unbiased estimator of their behavioral difference in terms of liking activity.
Furthermore, in order to investigate how scientific and conspiracy news sources distribute their posting activity over time, we compute the fraction of days with activity of any page with respect to its lifetime -i.e., the temporal distance between its first and its last post. Then we perform an augmented Dickey-Fuller (ADF) test for testing the null hypothesis that a unit root is present in the time series given by the number of posts per day published by a community page during its lifetime. The alternative hypothesis is stationarity (see Methods for further details). Experiencing the confirmation bias: polarization and homophily. Users' liking activity across contents of the different categories 2,3,26 may be intended as the preferential attitude towards the one or the other type of information (documented or not). In Fig. 3 we show that the probability density function (PDF) for the polarization of all the users in V L is a sharply peaked bimodal where the vast majority of users are polarized either towards science (ρ ∼ − u ( ) 1) or conspiracy (ρ ∼ u ( ) 1). Hence, Fig. 3 shows that most of likers can be divided into www.nature.com/scientificreports www.nature.com/scientificreports/ two groups of users, those polarized towards science and those polarized towards conspiracy. To better define the properties of these groups, we define the set V L science of users with polarization more than 95% towards science . Moreover, for a polarized users ∈ u V L science , in the left panel of Fig. 4 , we show the log-linear plot of the average fraction of science pages where u is present with liking activity, respect given number of likes θ of the user u. In the right panel, we show the same quantities for polarized users in V L conspir . Figure 4 suggests in both cases a quad- . Using the notation introduced in Methods, it is
Coefficients are estimated using weighted least squares with weights given by the total number of users per engagement value and they are -with the corresponding standard errors inside the round brackets -β = .
. 0 0669(0 0011) 0 , β = .
. 0 2719(0 0137) 1 and β = .
. 0 0419(0 0040) 2 , with = .
r 0 7133 2 , for users polarized towards science, and β = .
. 0 1229(0 0014) 0 , β = .
. 0 9023(0 0195) 1 and β = .
. 0 1629(0 0054) 2 , with = .
r 0 8876 2 , for users polarized towards conspiracy. All the p-values are close to zero.
Summarizing, we find that the consumption of polarizing contents is dominated by confirmation bias through the mechanism of challenge avoidance: users polarized towards a narrative tend to consume nearly exclusively content adhering to their system of beliefs, thereby minimizing their cognitive dissonance. Indeed, as their engagement grows, polarized users span their attention focus over a higher number of pages (and topics) keeping consistence with their behavioral attitude.
By exploiting the social network of polarized users and their friends, we investigate the role of reinforcement seeking mechanism in the homophily driven choice of friends on Facebook -i.e., the tendency of users to aggregate around common interests. Figure 5 shows the fraction of friends of polarized users as a function of their www.nature.com/scientificreports www.nature.com/scientificreports/ engagement ψ ⋅ ( ) both in the case of users in V L science and in the case of users in V L conspir . Plots suggest that users not only tend to be very polarized, but they also tend to be linked to users with similar preferences. This is more evident among conspiracists where, for a polarized user u, the fraction of friends v with likewise polarization is very high (0.62) and grows with the engagement ψ up to 0.87. The neighborhood of a polarized scientific user u tends to be more heterogeneous, but the fraction of friends with likewise polarization of u grows stronger with the engagement ψ (from 0.30 up to 0.66). Furthermore, Fig. 5 clearly indicates that the neighborhood of users engaged with polarizing contents (verified or not) is almost completely polarized as well (74-80% for science users and 72-90% of conspiracy users). The fact that highly polarized users have friends exhibiting an opposite polarization is a direct evidence of the challenge avoidance mechanism: contents promoted by friends which contrast one's worldview are ignored.
Summarizing, we find that the activity of a user on a polarizing content increases the probability to have friends with similar characteristics. Such information is a precious insight toward the understanding of information diffusion. Indeed, a previous work has shown that users usually exposed to undocumented claims (e.g., conspiracy stories) are the most likely to confuse intentional false information as usual conspiracy stories 3 . engagement, friends and shared news sources. Looking at the self-description of the news sources, several distinct targets emerge both between science pages and between conspiracy pages (see Tables 2 and 3 , respectively). This calls for a distinction between friends of a polarized user u who share with u a similar polarization resulting by liking contents of the same community and friends of u who actually like contents promoted Conspiracy users Figure 5 . Users not only tend to be very polarized, but they also tend to be linked to users with similar preferences. Fraction of neighbors as a function of the engagement ψ. For a polarized science supporter u, the fraction of friends v with likewise polarization significantly grows with the engagement ψ from 0.30 to 0.66. For a polarized conspiracy supporter u, the fraction of friends v with likewise polarization is very high (0.62) and grows with the engagement ψ up to 0.87 for the most engaged users. A user is labelled as "Not polarized" if she liked the same number of posts from Science pages and Conspiracy pages, respectively. A user is labelled as "Not engaged" if she has no liking activity on the pages of our dataset. www.nature.com/scientificreports www.nature.com/scientificreports/ by the same pages supported by u. In other words, in the first case the user u and her neighbourhood are grouped together at community-level (they have same/similar polarization but they like different pages); in the second case the user u and her neighbourhood are grouped together at page-level (they like not only pages in the same community but they are also somewhat active on the same set of pages).
For a polarized scientific user ∈ u V L science , in the left panel of Fig. 6 , we show the log-linear plot of the average fraction y of friends ∈ v V L science with liking activity on the community pages liked by u, respect given number of likes θ of the user u. In the right panel, we show the same quantities for polarized conspiracy users in V L conspir . Figure 6 suggests in both cases a linear correlation among the variables; thus, we check whether for a polarized user u, the fraction of friends in her category who like contents from the community pages preferred by u, y u ( ), can be predicted by means of a linear regression model where the explanatory variable is a logarithmic transformation of the number of likes θ u ( ), i.e.
. Coefficients are estimated using weighted least squares with weights given by the total number of users per engagement value and they are -with the corresponding standard errors inside the round brackets -β = .
. 0 4062(0 0007) 0 and β = .
. . 0 1501(0 0012) 1 , with = . r 0 9413 2 , for users polarized towards conspiracy. All the p-values are close to zero. This suggests that polarized users not only tend to surround themselves with friends having similar systems of beliefs, but they actually share with them the involvement within the same community pages. www.nature.com/scientificreports www.nature.com/scientificreports/ Confirmation bias as a filter to peer influence. Here we study the liking activity of polarized users in more detail by measuring how they span such activity across the various community pages. For science (conspiracy) community, Fig. 7 shows the probability distribution of the localization L along the user set and along the neighborhood set, and the relationship between L u ( ) and L N u L N u ( ( )) ( ( ( ))) s c for each science (conspiracy) user u. For each polarized user u, we observe a positive correlation between these two order parameters: Pearson's correlation coefficient ∼ . with p-value ~10 −9 for conspiracy community. Nevertheless, the most users remain confined within groups of very few pages even with neighborhoods fairly active on several news sources. Moreover, the inset plots of Fig. 7 show on a logarithmic x scale the relation of θ u ( ) with L u ( ) and L N u L N u ( ( )) ( ( ( ))) s c , respectively, for each ∈ u V L science (V L conspir ). Full lines are the results of a linear regression model whose coefficients are estimated using weighted least squares with weights given by the total number of users per engagement value.
By investigating the self-description of the news sources, we also find that the most users who decide to span their liking activity over a higher number of pages, choose pages dealing with very interlinked topics (76% of science users and 69% of conspiracy users). Such an evidence suggests that the reinforcement seeking mechanism limits the influence of neighbors and primarily drives the selection and the diffusion of contents even within groups of like-minded people. peer support and reinforcement of preexisting beliefs. So far we have shown how confirmation bias acts as filter to peer influence. In this Section, we investigate the effects of the joint action of confirmation bias and peer influence when the latter does not conflict the cognitive mechanisms of challenge avoidance and reinforcement seeking. Namely, we first compare the liking activity of each polarized user across her preferred community pages with the liking activity expressed on the same pages by the part of her neighborhood with likewise polarization. Then we compare the daily time series given by the number of likes expressed by a polarized user and her like-minded neighborhood, respectively, and we investigate the existence of a causal effect of the latter on the former. Segments represent the average of the cosine measurements regarding users with a liking activity in the range of the corresponding bin (one of … 1, 2, (2, 4], (4, 8] , (8, 16] , ), and they are colored according to the total number of users belonging to such a range. www.nature.com/scientificreports www.nature.com/scientificreports/ The plots show that a polarized user and her likewise polarized neighborhood distribute their likes across her community pages in a similar way, both in science (left panel) and conspiracy (right panel) community. Moreover, except a nearly constant early pattern for conspiracy users, this trend grows with the user engagement suggesting how peer influence acts as a support for reinforcement seeking. Such an interpretation is pointed out more clearly by comparing the temporal evolution of the liking activity of a polarized user and her likewise polarized neighborhood, respectively.
In order to carry out such an analysis we restrict the observations to those polarized users u who exhibit a liking activity large enough to allow the comparison between the time series of likes per day expressed by u and her likewise polarized neighborhood, respectively. Namely we define
is the average number of total likes expressed by a user of V L science , and Figure 9 shows the PDF of such distances for science users (left panel) and conspiracy users (right panel). In both cases we can observe that the most users produce a daily time series of likes very similar to that produced by the likes of their likewise neighborhood. Moreover, the inset plots show the strong positive correlation (Pearson's coefficient 0.9887 and 0.9886 for science and conspiracy, respectively, with both p-values close to zero) between difference in size of u liking activity compared to N u ( )
) and the corresponding DTW distance, suggesting that extreme DTW distances are due to the almost perfect uphill linear relationship more than to an effective temporal dissimilarity between liking activities.
For each science user in V L science , we also investigate a causal effect of t N u ( ( )) s on t u ( ) by testing the null hypothesis that the former is Granger-noncausal for the latter, namely
The alternative hypothesis  1 is predictive causality. The same analysis is repeated for each conspiracy user in V L conspir (see Methods for further details). In both panels of Fig. 10 we show the PDF of p-values obtained by performing such Granger causality tests. The inset plots show the cumulative distribution function (CDF) of the same quantities. Graphics show that the null hypothesis can be rejected as false: p-values less than the threshold α = .
0 05 are more likely than the others in both the communities and represent ~29% and ~34% of the total in science and conspiracy, respectively. Finally, for each polarized user ∈ u V L science , we study the relationship between predictive causality of t N u ( ( )) s on t u ( ) and the engagement of u. To this aim we use the peer influence probability PIP u science (see Methods for further details) that provides a measure of neighbors influence effectiveness in reinforcing the system of beliefs of u. The same analysis is carried out for any polarized user ∈ u V L conspir . Figure 12 shows the peer influence probability of u versus the number of likes θ u log ( ( )) 2 of u both in science (left panel) and conspiracy (right panel) community. Segments represent the average of peer influence probabilities regarding users with a liking activity in the range of the corresponding bin, and they are colored according to the total number of users involved in such a range.
Plots show how, in both communities, polarized users reinforce their preexisting beliefs by leveraging the activity of their like-minded neighbors, and this trend grows with the user engagement suggesting how peer influence acts as a support for reinforcement seeking. 
conclusions
In this paper we studied the effects of confirmation bias experience on the spreading of information in a social network of 1.2 M users engaged with two very distinct and conflicting narratives on Facebook.
Our analyses showed the action of challenge avoidance mechanism in the emergence, around the selected narratives, of two well-separated and polarized groups of users (i.e., echo chambers) who also tend to be surrounded by friends having similar systems of beliefs.
Furthermore, we explored the hypothesis that such a pattern is recursive within a single echo chamber. Despite a shared way of thinking, we proved how during social interactions the strength of confirmation bias is stronger than one could think, leading the action of peer influence into its service and fostering the formation of highly polarized subclusters within the same echo chamber. The fact that polarized users tend to remain confined within groups of very few pages even when the corresponding neighborhoods are active on several news sources, suggests that the reinforcement seeking mechanism limits the influence of neighbors and primarily drives the selection and the diffusion of contents even within groups of like-minded people.
Finally, we investigated the effects of the joint action of confirmation bias and peer influence when this latter does not conflict the cognitive mechanisms of challenge avoidance and reinforcement seeking. Namely, we compared the liking activity of polarized users and the liking activity of their likewise polarized neighborhood, and we test a causal effect of the latter on the former. Our findings revealed that polarized users reinforce their preexisting beliefs by leveraging the activity of their like-minded neighbors, and this trend grows with the user engagement suggesting how peer influence acts as a support for reinforcement seeking. www.nature.com/scientificreports www.nature.com/scientificreports/ In such a context, also the positive role played by social influence -e.g., by enabling social learning, seems to lose its effectiveness in the effort to smooth polarization and reduce misinformation risk and its consequences. This makes it even more difficult to design efficient communication strategies to prevent rumors and mistrust.
Internet and social media are the ideal ground for the spread of misinformation to speed up, but individual choices more than algorithms characterise the consumption patterns of users and their friends. Therefore, working towards long-term solutions for these challenges can not be separated from a deep understanding of users' cognitive determinants behind these phenomena. 
